adjusting for age are standard. It is known to be a usually necessary and often insufficient adjustment in most non-experimental studies. We began this review with the question whether any comorbidity score would improve on adjustment for age, while remaining almost as simple.
On first thought, there would seem to be at least two major advantages of a perfect single comorbidity score, if such a score could be created: (1) in multivariate modelling, a single score summarizing comorbidity would increase the statistical efficiency of analysis, compared with modelling each individual morbidity separately, especially when other risk factors modify the effects of comorbidity, necessitating use of two-or three-way product terms; (2) a validated comorbidity instrument available as a standard off-the-shelf product would simplify the process of variable selection both in the design and analysis of a study, and might increase the comparability of findings from different studies.
On second thought, after an initial look at literature on the difficulty of adjusting for comorbidity in administrative datasets, 3, 4 we developed the impression that these advantages might be distant or unattainable. A prominent example of controversy over comorbidity adjustment was the claim by Roos et al. that, in contrast to suprapubic prostatectomy for benign prostatic hyperplasia, transurethral prostatectomy appeared to be associated with increased 5-year mortality after comorbidity adjustment based on discharge information (RR = 1.45, 95% CI : 1.15-1.83). 5, 6 Concato et al. repeated the study and found similarly elevated risks with the same adjustment method. 7 However, the increase in mortality vanished (RR = 1.03, 95% CI : 0.51-2.07) when the same method was used, however, based on medical record review. The authors concluded that reports of comorbidity-adjusted results from automated databases might be insufficient, tending to underrepresent some comorbid conditions 6 and should be interpreted cautiously.
Chart review is rarely possible in the growing number of lowbudget studies using administrative data. Therefore, comorbidity adjustment based on administrative data with all its limitations is here to stay. To proceed with such research and avoid erroneous inferences requires a mixture of scepticism about the ability of comorbidity scores to fully control for confounding, and cautious optimism that comorbidity scores are nevertheless useful tools in hypothesis-screening studies, provided they have been validated. To achieve the right mixture of scepticism and optimism, we need to understand the evidence from validation studies of existing comorbidity scores.
Assessing metrical properties

Validity
There is no gold standard for 'true comorbidity'. The construct 'comorbidity' is a complex function of the number and severity of comorbidities in relation to the primary diagnosis. Because of the absence of a gold standard, researchers use the assumption that 'true comorbidty' is correlated with worse health outcomes, health care utilization, and costs. Therefore, the validity of a comorbidity index is assessed by how well the index predicts those outcomes which indirectly determines how well comorbidity indices can control for confounding.
For continuous outcomes the most common measure of validity is the improvement in explained variance, R 2 , of a linear regression model after adding the score to some baseline model-R 2 ranges from 0 to 1 with increasing explained variance. For dichotomous outcomes, there are measures of discrimination and measures of calibration. Measures of discrimination compare the predicted outcome with the actual outcome, e.g. the c statistic, which is equivalent to the area under curve (AUC) of a receiver operating characteristic (ROC). The AUC or c range from 0 to 1 with 1 indicating a perfect prediction and 0.5 indicating a chance prediction. Measures of calibration, like the Hosmer-Lemeshow goodness-of-fit statistic (H-L), assess the discrimination in all strata of the index values separately and summarize the information. 8 The statistic or the corresponding P-value are usually reported. In early papers in particular, the validity of prediction is often assessed by the strength of an association between the comorbidity index and the outcome, in terms of the odds ratios (OR) or relative risk (RR) per increment in score.
Reliability
Computation of an index itself is completely reproducible in the same set of recorded data. Computerized indices from administrative databases are in that sense completely reliable but depend on the accuracy of information stored in the database. Administrative data are derived from what is documented in the medical or pharmacy record. Therefore, the real focus of reliability for code-based measures involves how accurately and completely the coded information was gathered. Thus reliability of code-based comorbidity indices is usually not tested directly but only inferred from reports of other investigators addressing coding accuracy. 1 We will raise issues of data accuracy in a separate section.
Structural characteristics and predictive validity
Populations, settings and prognostic endpoints
We identified original research on the metric properties of comorbidity indices by an extensive literature search using Medline and HealthStar databases, as well as bibliographies and expert consultations. We identified six distinct indices of comorbidity for use in administrative databases which were published with at least some analyses of their predictive performance (Table 1) . [10] [11] [12] [13] [14] [15] [16] [17] [18] We excluded systems that do not combine conditions into a single summary score but consist of multiple categorical (e.g. Elixhauser et al. 19 ) or binary variables (Ambulatory Care Groups 20 ) for each diagnostic group. Those systems might control confounding slightly better, however, a regression model that uses 30 or 32 variables to control for comorbidity limits the ability to model interactions and decreases precision in epidemiological analyses.
The six scores were tested in different settings in North America. Four of the six use diagnostic information from ICD-9 codes and are based on the Charlson Index (Table 2) 21 and two scores are based on the use of prescription medications as indicators of chronic comorbid conditions ( Table 3 ). The statistical properties of some instruments were explored in specific populations, including patients after bypass surgery, lumbar disc surgery, or with ischaemic heart disease. Prognostic endpoints vary, including one-year mortality, in-hospital mortality, length of hospital stay, re-admissions, future hospitalizations, ambulatory visits, or resource use (Tables 2 and 3 ). Ghali et al. 17 Ghali-CI ICD-9-CM a American Hospital Formulary Services based on prescription drug dispensing. 
Prognostic
One-year mortality, Post-op death (inIn-hospital mortality In-hospital mortality endpoint significant in-hospital hospital or 6 weeks after complications, and 90-day discharge), post-op re-admission.
complications, length of stay, hospital charges. 
Information used
From Group Health Cooperative pharmacy database: From Group Health Cooperative pharmacy database: information on all prescription medications filled all prescription medications coded with AHFS a and in a HMO pharmacy (90% of all fills of enrollees).
filled in a HMO pharmacy (90% of all fills of enrollees).
Population under study All 122 911 adult enrollees in Central and East region. Development sample: randomly 50% of adult enrollees: 125 000. Test sample: second half of adult enrollees.
Prognostic endpoint
One-year mortality, one-year hospitalization rate One-year primary care visits, one-year total costs, one-year outpatient costs Summarization Chronic Disease Score (CDS) summarizing the patterns CDS-2 summarizing an extended list of medications used of selected prescription medications usage during over a 6-month-period. Weights are derived empirically. a one-year period. Weights are derived by expert panels.
a American Hospital Formulary Services.
Charlson Index based indices
The Charlson Index (CI) is a list of 19 conditions (Table 4) . 21 Each condition has a weight assigned from 1 to 6, which was derived from relative risk estimates of a proportional hazard regression model using clinical data. The CI score is the sum of weights for all prevalent conditions. Although the index might seem rather crude, it showed a strong monotonic association of a 2.3-fold (95% CI : 1.9-2.8) increase in the 10-year risk of death per increment in comorbidity level in a cohort of 685 breast cancer patients, 21 and similar results for post-operative survival in patients with hypertension or diabetes. 22 
Deyo et al.
Deyo et al. 14 assigned ICD-9-CM codes to all 19 diagnoses in the Charlson Index and assessed the index in a study of 27 111 Medicare beneficiaries (age Ͼ65) who underwent lumbar spine surgery. They reported statistically significant associations of Charlson scores with increased number of blood transfusions, length of stay, hospital charges, discharges to nursing homes, and 6-week post-operative mortality in an analysis of variances (P Ͻ 0.0005). The Deyo-CI was associated with hospital complications with P Ͻ 0.01. Magnitudes of associations were not reported. Similar results could be observed when only information on current hospital stay was used in contrast to diagnostic information on any hospitalization in the preceding year. The authors claim that these associations were significant 'even after controlling for patient age' which means that controlling for CI in addition to age could improve the results of a risk adjustment procedure as compared to adjusting for age only. The original paper does not show how much variation is explained by any outcome.
Melfi et al. 23 used the Deyo-CI in studying 249 744 Medicare patients who underwent total knee replacement between 1985 and 1989. An increase in the Deyo-CI of one point increased the probability of 30-day post-operative mortality by 17%. The Deyo-CI model showed a c statistic of 0.653 in predicting 30-day post-operative mortality (baseline model = 0.645) and an R 2 of 0.175 in predicting length of stay (baseline model = 0.174). The improvement in predictive power of models including Deyo-CI is marginal, mostly because the 'baseline' model already consists of many known important predictors: gender, age, race, socioeconomic status, area of residence and level of care to which the patient was discharged. The same model with Deyo-CI substituted by the number of distinct diagnoses shows a better prediction of mortality (c = 0.73).
Poses et al. 24 used Deyo's index to predict in-hospital death at a university hospital. They reported areas under the ROC curve of c = 0.64 for the Deyo-CI, c = 0.62 for duration in hospital, and c = 0.61 for age. The ICD-based Charlson Index contributed in a multivariate model to the prediction of in-hospital death, even when clinical data were added (OR = 1.2, 95% CI : 1.1-1.4).
Dartmouth-Manitoba
The Dartmouth-Manitoba version of the Charlson Index (DM-CI) by Roos et al. 10, 11 was the first adaptation of the Charlson Index to administrative databases. It includes additional conceptually similar ICD diagnoses which were not explicitly listed in Charlson's original list of 19. This was meant to increase the sensitivity of the DM-CI. In a study of one-year mortality following several types of surgery, a multivariate analysis controlling for age and sex showed that the DM-CI did contribute significantly to the fit for prostatectomy and bypass surgery but not in cholecystectomy.
Ghali et al. 17 assessed the agreement between scores from DM-CI and Deyo-CI in a population of 6791 bypass surgery patients. They found 90% of patients were assigned identical scores by the two methods and the two scores differed by only 1 among a further 5% of patients.
Romano et al. 12 compared RR estimates in the presence of 16 individual comorbid conditions that are part of the DM-CI and Deyo-CI in the same bypass patients (n = 4121) and in patients with lumbar discectomy (n = 55 296). They show that individual diagnoses defined by Deyo-CI and DM-CI methods have similarly RR estimates within the same population (bypass respectively discectomy patients) and the same outcome (death respectively complication). However, the RR changed strongly between populations, e.g. RR = 1.5 for metastatic tumour in bypass population to predict mortality, RR = 4.4 for metastatic tumour in lumbar discectomy patients to predict complication. They provided no direct quantitative comparisons of the two scores.
In 1997, Roos et al. published 18 an augmented version of DM-CI which added coagulopathy, neurological disorders, hypertension, arrhythmia, pneumonia and malnutrition. The predictive validity of models, already controlling for age and gender, improved from c = 0.64 to c = 0.68 for bypass surgery, from c = 0.70 to c = 0.77 for pacemaker surgery, and from c = 0.75 to c = 0.76 for hip fracture repair.
Ghali et al.
Rather than adding diagnoses, Ghali et al. 17 reduced the number of diagnoses by selecting those that best predicted inhospital mortality among 6326 bypass surgery patients identified from 257 333 Massachusetts hospital discharges. Weights were changed in order to further improve the predictive performance (Table 4 ). The Ghali-CI predicted in-hospital mortality in a similar population of bypass patients one year later slightly better than the DM-CI. The Ghali-CI had discrimination measures of c = 0.74 and R 2 = 0.034 compared with c = 0.704 and R 2 = 0.018 for Deyo-CI. This relatively small gain is noteworthy because the weights for the Ghali-CI were derived from a similar group of bypass patients, whereas those for the Deyo-CI were based on the original CI developed from a study of breast cancer patients using 19 comorbidities.
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D'Hoore et al.
Motivated by the fact that some institutions, frequently outside the US, use only ICD-9 codes without the Clinical Modification (CM), and coding of the tailing digits in the ICD-9-CM is less reliable, D'Hoore et al. designed a Charlson Index (D'Hoore-CI) using only the first three digits of ICD-9. 15 Using the MED-ECHO database restricted to 78 hospitals with 792 839 discharges (Table 2) , they evaluated the prediction of in-hospital mortality among 33 940 patients with a principal diagnosis of ischaemic heart disease. 16 Using a model with age, sex, and acute myocardial infarction as the principal diagnosis, the D'Hoore-CI showed good predictive performance for two consecutive 2-year periods in the same population: 1989/90: c = 0.87, and R 2 = 0.14; 1990/91: c = 0.86, and R 2 = 0.13. 16 Discrimination for other primary diagnoses was reported: ischaemic heart disease (c = 0.81), congestive heart failure (c = 0.67), stroke (c = 0.66), and bacterial pneumonia (c = 0.82). 15 Primary diagnoses were not excluded from the Charlson Index.
Comorbidity scores based on outpatient pharmacy data
The Chronic Disease Score (CDS) uses pharmacy dispensing data to assign patients to chronic disease groups. An integer weight is given to each comorbidity group represented by selected medication classes, which are summed to the overall score. 13 The CDS was developed using the judgement of an interdisciplinary expert group of researchers and practitioners. In several pilot studies with varying populations within the Group Health Cooperation Health Plan of Puget Sound (GHC), the derived CDS was compared to clinical judgement and standard instruments to measure self-rated health status, psychological impairment, chronic pain status, and functional disability. The CDS was eventually tested among all 122 911 GHC enrolees. A multivariate logistic regression model showed that, with an increasing CDS score, the probabilities of one-year hospitalization and one-year mortality steadily increased. The highest CDS score category (7+) had a 10 times higher probability of dying the next year than CDS = 0. This effect diminished by up to 50% when age, gender and number of ambulatory visits were included in the prediction model. An extended version, CDS-2, 25 used a 50% development sample out of 250 000 managed care enrolees to derive empirical weights from a multiple logistic regression model. The CDS-2 was tested in the remaining sample of 125 000 enrolees of the same insurance plan of the same year together with the original CDS. The authors claimed that CDS-2 had a stronger association with one-year mortality, one-year hospitalization and health care utilization although no original data were shown. It remains unclear to what extent the improved prediction is due to the close similarity of the development and test sample or to an intrinsically better performance. In their study, the proportion of the explained variance in predicting costs and health care utilization was reported for the CDS and CDS-2, making both instruments directly comparable (Table 5 ). The CDS showed correlations with the SF-36 health status instrument and the BSI-8 depression disorder screening instrument. 26 Table 5 summarizes the predictive performance of all instruments. Direct comparisons of indices are recommended only within the same studies (grey background). It is important to note that proprietary products such as the ADG perform no better than CDS and the Patient Severity Score (PSL) and Relative Severity Score (RIS) scores of the Patient Management Categories perform only one percentage point better than a measure as simple as the number of distinct diagnoses during the last 6 months. 23 All studies modelled comorbidity indices as one ordinal variable. Modelling Deyo-CI as one ordinal variable compared to 3 or 13 categories changed R 2 values only in the third decimal. 23 
Data accuracy
Coding
Diagnoses are occasionally erroneous, often coded incorrectly, and frequently omitted from administrative data. 27, 28 Romano et al. compared original DM-CI with ICD diagnoses coded by a trained abstractor from medical records to ICD codes from claims data in 1067 patients. 12 Administrative data tended to underestimate comorbid conditions. Record-based scores of 0, 1, 2, and 3+ were observed in 38%, 32%, 18% and 12% of the patients, in contrast to 65%, 27%, 7%, and 1% in the DM-CI based on administrative data. In a comparison of four populations in different regions of the US 29 with either claims data or ICD codes derived from medical records, striking differences were found in the prevalence of comorbid conditions between ICD codes derived from records and those derived from claims data. In clinical data, histories of myocardial infarct and hyperlipidaemia were found more often. However, other major comorbidities, like diabetes and congestive heart failure, were nearly equally prevalent. It remains unclear to what degree the variation is due to differences in populations or methods. Similar results were reported in a comparison of 485 claims-based DM-CI indices versus chart-based DM-CI (overall Kappa = 0.36). 8 Diabetes, tumours, and cirrhosis showed high agreement between reporting method (Kappa equal to 0.86, 0.78, and 0.67, respectively) but dementia, paralysis, and ulcer showed weak agreement (Kappa equal to 0.29, 0.19, and 0.14, respectively). Less optimistic agreements were reported for patients undergoing carotid endarterectomy comparing ICD diagnoses coded from records with Medicare data. Kappa statistics for diabetes and tumours equalled 0.68 and 0.20. 30
Complications and diagnostic examinations
Another problem, particularly in studies of in-hospital mortality, is that it is often not clear whether some diagnoses are comorbidities at hospital admission or complications during the hospital stay. Treating complications as comorbidities can result in an overoptimistic interpretation of an index's predictive capability for unfavourable outcomes. Roos et al., however, showed that the impact of misinterpreting complications as comorbidities on the Charlson index is minor in surgical procedures. 18 Diagnoses are sometimes recorded as present when the actual health service was to rule out that diagnosis. This is often distinguishable only indirectly with longitudinal data on the following encounters and procedures.
Completeness
Inaccuracies can occur when diagnoses are omitted because the data fields have been exhausted by more important diagnoses. Romano et al. showed that sensitivity to capture specific diagnoses e IHD = ischaemic heart disease, AMI = acute myocardial infarction, BP = bacterial pneumonia, CHF = congestive heart failure.
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in administrative databases with five diagnosis fields reduced by an average 13 per cent points compared to a record with 25 fields. 28 The specificity is almost equal. Prescription drugs as proxies for diagnoses can face reduced validity because they often have mixed indications, and because of a tendency to avoid prescribing additional drugs to patients who are already taking several and to reduce preventive medication in sicker patients. 31, 32 Discussion These studies of comorbidity scores suggest that they provide only a modest improvement on age adjustment. Why should such a mediocre comorbidity surrogate as age do well compared with comorbidity indices that have much higher face validity?
One major reason is that scores of any kind perform badly because they summarize a complex construct in an over-simplistic way making erroneous assumptions. Scores may perform reasonably well in the setting they were designed for and worse in other settings because they fail to represent a more general construct of comorbidity. The fact that only counting the number of distinct diagnoses performs equally well in one study demonstrates this but cannot be generalized.
Even if it provides only a modest improvement in ability to control for confounding, a simple score still would be appealing if, like age, it had excellent data accuracy and completeness and was widely used and understood. Unfortunately the accuracy of diagnostic data varies among databases, depending on the financial incentives and disincentives for recording it and the processes for error checking. The quality of data on drug use is less variable between databases, but drug use varies not only by disease status but also by ability to pay, prescribing customs and patient attitudes, which vary among health systems and regions.
Nevertheless we conclude that an off-the-shelf comorbidity score can still be a useful tool for exploratory data analysis. It enables one to assess the existence and direction of confounding by comorbidity. Although the magnitude of confounding is inevitably underestimated with such a score, it provides a preliminary quantification, which can guide the development of weights tailored to the particular study. For practical reasons, D'Hoore's 15 adaptation of the Charlson Index, which uses only the first three digits of ICD-9 could be a starting point. If reliable pharmacy data are available, von Korff's Chronic Disease Scores 13,25 might be an alternative with reasonable predictive validity for selected outcomes.
With this more modest purpose in mind, several criticisms of comorbidity scores are avoided. A major criticism of all comorbidity adjustment methods is that they were developed to predict a particular type of outcome (e.g. morbidity or mortality) but are used to adjust for the risk of other outcomes (e.g. health service use or costs). Although there are common cases when the severity of one outcome is inversely related to the intensity of health care use (e.g. sudden cardiac death), in the aggregate, adverse outcomes are positively correlated with each other. Therefore, a comorbidity score developed in one setting can be applied in a very different setting as long as it is only for exploratory purposes.
A major criticism of summary scores in general, including such diverse summaries as body mass index, 33 study quality scores in meta-analyses, 34 and even age as a continuous variable, is that the summarization into a single value forces a relationship on the data that may be unrealistic. Even if the original Charlson weights, derived from regression coefficients predicting survival in patients at Cornell Medical Center had been the optimal fit for those data, it is unlikely it would fit the data as well in another population or for other outcomes. An alternative is to test alternative weights and to include several indicator terms in the model for different dimensions or categories of the variable. The numerically most efficient way of doing so is to model the outcome as a function of all comorbidity information including interaction terms and use regression coefficients to weight individual items of the scores in the same study. This criticism applies much more to final rigorous analyses than to initial exploratory data analysis. Although only supported by one published study, it may be not necessary to categorize scores, as epidemiologists usually do with age.
With this reframe, what additional studies are needed of comorbidity scores? Their comparative utility and convenience in exploratory analysis needs to be directly tested in identical populations predicting the same endpoints. Are they almost as good as expensive case-mix adjustment packages at guiding the investigator on the path to full rigorous control for confounding by multiple variables? How much residual confounding is apparent in score-adjusted RR, based on the change in RR upon using more rigorous methods to control confounding by comorbidities?
In conclusion, comorbidity scores (1) can simplify the data analysis process and might be useful for exploring confounding, (2) are unlikely to be good confounder adjustments despite their popularity, (3) do not standardize confounder adjustment across studies. Published evaluations of the predictive performance of comorbidity indices are limited and more cross-validation of different indices are needed to understand their utility.
